This paper tests for income-related reporting heterogeneity in selfassessed health (SAH). It also constructs a synthetic measure of clinical health to decompose the effect of income on SAH into an effect on clinical health (which is called a health production effect) and a reporting heterogeneity effect. We find health production effects essentially for lowincome individuals, and reporting heterogeneity for the choice between the medium labels i.e. "fair" vs. "good" and for high-income individuals. As such, SAH should be used cautiously for the assessment of incomerelated health inequalities in France. It is however possible to minimize the reporting heterogeneity bias by converting SAH into a binary variable for poor health versus other health statuses.
Income-related reporting heterogeneity in self-assessed health: evidence from France
Introduction
Health inequalities have been the subject of a lively literature in Economics (Wagstaff and van Doorslaer, 2000) . Their calculation requires a good measure of individual health. In this perspective, this paper assumes that the key variable of interest for the design of public policies is clinical health. Suppose now that Health Authorities need a tool for monitoring income-related health inequalities in the general population. Such a tool should have the following properties: on the one hand, the measure of clinical health should be reliable; on the other hand, the data should be collected at a low cost. The latter is especially important for Health Authorities that operate at a local level, as they may not have many resources to devote to the follow-up of health inequalities.
An objective measure of clinical health is usually expensive to collect, since data collection has to be based on a costly array of medical check-ups, which may induce a significant selection bias. An alternative might be to use selfreported clinical conditions, but the information that the agent has available results from her choice to collect information (via preventative health consultations for example). Moreover, constructing a synthetic health measure requires the weighting of diverse clinical health conditions, and thus often embodies the individual preferences of a sub-sample of the population (Gerdtham et al., 1999 , Dolan, 2000 .
Given these arguments, a self-assessed health measure may be interesting. One widespread measure that we use in this paper is obtained by asking individuals to classify their health using ordered qualitative labels such as "very good", "good", "fair" and "poor": subjective health H i is then an ordered qualitative variable with M levels. This self-assessed health measure is cheap and easy to collect, is synthetic by construction, and is strongly correlated with a number of clinical health conditions (see Idler and Benyamini, 1997 , and van Doorslaer and Gerdtham, 2003) . However, its reliability is questionable, because a given clinical health condition is appreciated differently according to individual characteristics and more particularly the cultural and historical context, individual social status and individual health history (Boltanski, 1971; Johansson, 1991; Heyink, 1993 ). Reporting heterogeneity does not matter if one believes that subjective health contains valid information on health beyond all potentially available clinical health measures. However, this position may have untenable consequences in terms of public health policy. A striking example from Murray and Chen (1992) , and Sen (1993) shows that self-reported health is much lower in the U.S. than in the Indian state of Kerala, although the mortality rate is higher in the latter (for another example see Case and Deaton, 2005) . As far as possible, we would certainly prefer to invest more in Kerala than in the U.S. We therefore assume that clinical health is the target outcome for public health policies. From this position, reporting heterogeneity may be considered as a bias in the sense that self-assessed health (SAH) is a biased measure of clinical health. 1 This paper considers the presence of reporting heterogeneity in self-assessed health in France. More specifically, we ask whether this reporting heterogeneity is related to income, since this point is crucial for the measurement of health inequalities.
A number of papers in Health Economics have already considered incomerelated reporting heterogeneity in SAH. Current results are mixed. For instance, Humphries and van Doorslaer (2000) , using Canadian data, as well as Hernandez-Quevedo et al. (2004) , in British data, report results indicating that, for a given level of clinical health, lower income individuals are more likely to report a poor level of SAH than higher income groups. On the contrary, Jür-gens (2006) finds in German data that richer respondents tend to understate their clinical health in their SAH assessment. Hence, the magnitude and the sign of reporting heterogeneity seem to be country-specific. In the perspective of international comparisons, it is worth testing if there are also income-related reporting heterogeneities in France.
This article uses French data from the 2001 Conditions de Vie des Ménages survey to address this question. Conceptually, the effect of income on H i can be decomposed into an effect on clinical health, which is a random (unobserved) variable e H i , and an effect on the transformation T [.; Q] of e H i into H i , where Q i is the set of variables that affect reporting. Two methods are proposed to test for income-related reporting heterogeneity. The first method identifies the presence of reporting heterogeneity using specific and arguably strong parametric assumptions (this is our Test 1). The second method relies on a synthetic proxy measure of clinical health based on a classification of individuals, which results from a latent class analysis of a number of clinical health conditions selfreported in our data. This second method allows us to assess the sign and the magnitude of reporting heterogeneity (this is our Test 2) .
Our main finding is that there is some income-related reporting heterogeneity in SAH in France. Our estimates also reveal that the "effect" of a rise in income on SAH varies according to the individual's initial income and initial SAH level. 2 Three results should be emphasised. First, for individuals at the bottom of the income distribution reporting poor SAH, income significantly affects SAH via clinical health. Second, a fall in income has a strong negative reporting effect on the richest reporting good or very good health. Third, it is the choice between the medium labels ("fair" vs. "good") which seems to be the most affected by reporting heterogeneity, whatever the income level. Hence, the utilisation of SAH information may bias the measure of health inequality, except if we use a dichotomous measure of SAH distinguishing between the bottom category ("poor") and the other categories.
The paper is organised as follows. Section two explains the methods. Section three presents the data. The results are found in Section four, and are discussed in Section five. Section six concludes.
Models and Methods

The generalised ordered probit model
We suppose that clinical health e H i is linked to a set of variables X i by a linear index equation:
where α is a vector of parameters, α 0 is a constant, and e i is an error term capturing unobservable terms. To measure the effect of income on e H i , we have to identify α in equation (1) . The reporting equation linking the observable variables is:
The function T (.; .) and the error term e are thus nuisance parameters.
When there is common agreement regarding evaluation of SAH, i.e. when everyone agrees on what it means to be in very good/good/fair/poor health, the interpersonal comparability of health is assured. The relation (2) reduces to
We can then suppose that there exist cut-points s 0 , s 1 ..., s M such that
with the identification restriction α 0 = 0: when e i is distributed normally, this relation defines the ordered probit model.
We can relax the hypothesis of common agreement by supposing that the cut-points are idiosyncratic s i0 , s i1 ..., s iM such that
where β m are additional parameters, and Q includes a constant. Reported health H i then depends on the way in which clinical health e H i is translated by the cut-points (s i0 , s i1 ..., s iM ). This model, in which the cut-points depend on observable variables, is a generalised ordered probit model (Terza, 1985) . It is particularly well-suited to cross-section data. In panel data, it is possible to estimate semi-parametric ordered logit models in which the cut-points are individual nuisance parameters (Ferrer-i-Carbonell and Frijters, 2004).
Assessing the presence of reporting heterogeneity: Test 1
Suppose that (1) is a reduced form equation for health capital production: X i only includes prices and resources, especially income, that affect health investment. We will first estimate specification (A):
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All of the variables here potentially influence both the cut-points and clinical health, i.e. Q i = X i . The generalised ordered probit model poses substantial interpretation problems when Q i and X i overlap. In this case, a movement in income can affect both reporting (i.e. the transformation of e H i into H i ) and clinical health e H i . The specification we use renders the separation of these two effects impossible a priori. To illustrate the problem, note that the probability of observing reply m can be written as:
where Φ(.) is the cumulative distribution function of the standard normal residuals e A i (their variance has to be normalised to 1 as usual).
3 This probability can also be written for any vector of parameters δ as:
or again for any couple of vectors α 1 and α 2 such that α = α 1 + α 2 as:
The structural models associated with these probabilities differ with respect to the specification of the cut-points s im and the modelisation of e H i . For the models associated with equation (6) we have e H i = X i (α + δ) + e i and s im = Q i (β m + δ); for those associated with (7) we have e H i = X i α 2 + e i and s im = X i (β m − α 1 ). Hence equation (1) is not identified, because any variable which has an effect on e H i also potentially influences the cut-points (see the equivalence between equations (5) and (7)), and any variable playing a role in the determination of the cut-points may equally affect e H i (see the equivalence between equations (5) and (6)).
Following Hernandez-Quevedo et al. (2004), a first approach to test for the presence of income-related reporting heterogeneity assumes that a variable affects individual reporting if it has a heterogeneous effect on the different cutpoints of the generalised ordered probit model. 4 Indeed, Specification (A) identifies γ m = (β m − α) for m = 1, ..., M − 1. A variable then has a heterogeneous effect on the cut-points if the coefficients β m associated with this variable vary according to the cut-point m. This can be tested by a Hausman test of the equality of the coefficients γ m (Pudney and Shields, 2000) . In the rest of this article, we shall call this test Test 1.
What are the main drawbacks of this approach? Some variables may not have a heterogeneous effect on the cut-points, but a homogeneous effect i.e. they do not affect differentially the cut-points. This is an index-shift effect, as the literature calls it, and may be interpreted in terms of reporting heterogeneity or in terms of production of "clinical health". This point has two major consequences. First, Test 1 can detect some kinds of reporting heterogeneity, but not a reporting heterogeneity that involves a common effect on all the cutpoints. Second, Test 1 does not allow us to draw conclusions about either the magnitude of reporting heterogeneity or the effect of income on clinical health.
Focusing on income-related reporting heterogeneity, Test 1 may reject homogeneity of income effects, and thus accept reporting heterogeneity, because the link between income and e H i is badly specified. Hence, estimating Specification (A) may identify reporting heterogeneity, but only under the following assumption:
The relationship between income and clinical health e H i is correctly specified.
To guard against a potential specification bias, we use a set of eight dummy variables measuring household income: the relationship between income and clinical health is thus specified in a very flexible manner. However, this does not remove out the possibility that the marginal effect of income may vary at different points in the clinical health distribution. 5 The first approach thus hinges on a strong assumption and is unable to identify reporting heterogeneity to its full extent. A number of different strategies can be imagined to overcome this difficulty of identification. Groot (2000) supposes for instance that s i1 = 0 for all individuals: one of the two extreme SAH categories constitutes a common anchoring point. This hypothesis identifies separately α and a part of the β m . van Doorslaer and Jones (2003) appeal to the correspondence, for any sub-group of the population, between the distribution of SAH and the distribution of a synthetic measure of clinical health, the Health Utility Index. 5 A key implication of assumption 1 is that there is no slope heterogeneity in the relationship between income and clinical health. To understand this point, imagine that subjective health is a continuous variable. We would then run quantile regressions instead of estimating a generalized ordered probit model. Slope heterogeneity between quantiles could be interpreted as expressing merely differences in the marginal effect of income on clinical health between different points of the clinical health distribution, instead of reflecting some kind of reporting bias. However, this interpretation would hold only if individuals are ordered in the same manner according to their subjective health or to their clinical health. That orderings differ according to clinical health or to subjective health, is precisely what we appeal to for the identification of reporting heterogeneity.
In the current paper, we are interested in the identification of the income effect on the cut-points. To achieve this goal, we adopt a third strategy proposed by Kerkhofs and Lindeboom (1995) and Lindeboom and van Doorslaer (2004) : the use of a proxy measure of clinical health.
Assessing the magnitude of reporting heterogeneity: Test 2
Including in X i a synthetic measure of clinical health that has, by assumption, no effect on the cut-points helps to isolate the income-related reporting heterogeneity. Let H 0 be a synthetic measure of clinical health for which the following conditional mean independence condition holds:
where Y is income and Z denotes the other right hand side variables (X = (Y, Z)). Our second approach does not require that clinical health be perfectly measured, but that there exists a proxy measure of clinical health, which captures all the components of clinical health that are affected by income. One can arguably consider that Assumption 2 is weaker than Assumption 1.
Having this proxy measure in hand, we will estimate specification (B), which consists of the following equations:
Since we assume for the sake of parsimony that H 0 picks up only the effect of income on clinical health, we keep the Z i variables in the health production equation. Under Assumption 2, specification (B) identifies the effect of reporting heterogeneity on income. Hence, our second test (Test 2) for the presence of income-related reporting heterogeneity is whether income has a significant effect on SAH in specification (B).
The main requirement of Test 2 is the existence of a proxy measure of clinical health that captures the effect of income on the various dimensions of clinical effect. In this perspective, Kerkhofs and Lindeboom (1995) use the Hopkins Symptom Checklist and Lindeboom and van Doorslaer (2004) rely on the Health Utility Index. As we do not have a ready-made measure available, we construct our own by a latent class analysis of a number of self-reported clinical health conditions. One may argue that introducing all self-reported clinical health conditions in the vector X i avoids any loss of information. However, constructing a synthetic proxy measure of clinical health yields two benefits. First, our approach is more parsimonious in that we do not overload the model with too many parameters. Second, using a synthetic measure minimizes the impact that random or systematic measurement errors on each indicator may have on the estimates (this is discussed in the "Data" section hereafter).
By comparing estimation results from specification (A) and (B), one can decompose the effect of income on SAH into a reporting and a "clinical health" production effect. However, the direct comparison of the income coefficients resulting from the estimation of (A) and (B) does not permit us to identify the effect of income on e H i , since the variances of both e A i and e B i are normalised to 1. We therefore compare the marginal effects of income between specifications (A) and (B), to evaluate the impact of income on the production of clinical health.
Data
We test for reporting heterogeneity in SAH in France, using data from the "Enquête Permanente sur les Conditions de Vie des Ménages" survey (EPCV2001), carried out by the INSEE (the French National Statistical Agency) in 2001. This survey contains information at both the household and the individual level, and one randomly-drawn individual in each household answered a health questionnaire. The starting sample thus consists of 5194 individuals in the same number of households. In the perspective of estimating Specification (B), it is difficult to construct clinical health indicators that are valid for both younger and older adults, due to the natural depreciation of health with age, as suggested by the existence of specific health measures for the elderly that are not available in our data. 6 This is why respondents aged over 65 were dropped. We analyse the sub-sample of respondents having finished their schooling and under 65 years of age at the time of the interview, so as to use the variables referring to education. Given missing values, this leaves us with a sample of 2956 individuals.
This section presents descriptive statistics regarding the key variables, as well as the method that we use to construct the synthetic indicator of clinical health.
SAH and Income
SAH is measured by the question "Would you say that your current health status is very good, good, fair, poor, bad or very bad". The last three ordered response categories are grouped together due to small cell sizes. The SAH variable thus consists of four ordered categories: very good, good, fair, poor.
In the estimation sample, 52% of respondents say that they are in good health and only 6% are in poor health. Women are more likely to say that they are in poor health than men: 7.1% vs. 4.5% respectively. There are two distinct periods in the evolution of SAH with age: up to age 40, health is good, and the variance of self-reported health decreases with age; afterwards there is a gradual degradation of self-reported health with age, with increasing variance.
We tested variables such as social class, debt, and labour market status to capture individuals' economic and financial status. Preliminary analyses reveal that the variables which were the most strongly correlated with clinical health and SAH were education and income.
Education is measured by four dummy variables for: no qualifications, CEP or Brevet des collèges (QUAL1 ); a short or long technical qualification (CAP, BEP, Technical or Vocational Baccalauréat: QUAL2 ); a general Baccalauréat (QUAL3 equivalent to an A-level); or higher education (QUAL4 ). SAH is positively correlated with education. In particular, the least-educated individuals are more likely to say that they are in "poor" health than the other respondents (11.3% against 4% respectively). 7 This correlation may result from an age effect, with older respondents likely being on average less well-educated due to increasing access to secondary and higher education over the past thirty years. However, older respondents are also richer.
Income is defined at the household level. This is yearly income, net of social contributions, and not equivalised. It is measured by nine categorical variables: under 9,000 Euros/year (noted as INCOME1 ), from 9,000 to 12,000 (INCOME2 ), from 12,000 to 15,000 (INCOME3 ), from 15,000 to 18,000 (INCOME4 ), from 18,000 to 22,500 (INCOME5 ), from 22,500 to 27,000 (IN-COME6 ), from 27,000 to 36,000 (INCOME7 ), from 36,000 to 45,000 (IN-COME8 ), over 45,000 (INCOME9 ). A higher level of household income is associated with a better level of SAH (see Figure A2 , Appendix A).
The correlation between income and SAH may reflect two different effects. First, higher income is associated with a better clinical health, via greater investment in health. Second, for a given clinical health status, perceived health status may rise with income, perhaps because the individual feels more secure. This paper proposes a test of the two explanations.
Clinical Health Measures
The estimation of specification (B) requires a measure of clinical health. The EPCV 2001 survey includes a number of different questions regarding individual physical and psychological health. We know about the serious or chronic illnesses from which the individual suffers. SAH is worse when the individual suffers from one of the more common serious illnesses: nervous illnesses, problems of the digestive system, paralyses, cancers, cardio-vascular problems, or musculoskeletal troubles. Nervous illnesses and paralyses are the most strongly associated with lower levels of SAH. Other clinical health variables are used: teeth and eyesight problems, being currently treated for an illness, having a psychiatric treatment, having had a fever of over 39
• c in the past year, four dummy variables for the body mass (thin, normal, overweight, obese). Last, we use several indicators that link clinical health to every day living, such as not being able to exercise, to work or to give blood, having a limited mobility, reporting some stress or a feeling of loneliness.
As these measures are self-declared, we may worry that they reflect incomerelated heterogeneity in individual access to health, and therefore the information that individuals possess. A number of these variables are actually strongly correlated with income, which determines access to healthcare. Replies to these questions could indicate both clinical health problems and inequities in the access to health care. In France, everyone is covered by Social Security with a reimbursement rate of 75%, and 92% of the French population have additional health insurance. Finally, the most costly diseases are treated in hospital, which reduces drastically the individual cost of health. Only teeth and eyesight cares are poorly reimbursed by Social Security. 8 The use of psychological health variables (feelings of loneliness, self-reported stress, and psychiatric treatment) is also open to criticism. However, the mental well-being is an important dimension of health, and several measures of clinical health, such as the Health Utility Index, include psychological measures in their construction, as well as other self-reported health conditions. 9 We use these self-reported clinical health conditions to build a synthetic index H 0 . A number of different techniques can be used to sum up the information contained in these clinical health measures. The best-known are factor analysis, latent class analysis (LCA, see Goodman, 1974 ; Bandeen-Roche et alii, 1997; McLachlan and Peel, 2000, chap. 5.12) and the Grade of Membership method (GoM, see Portrait et al., 1999) . The LCA and GoM approaches split the population up into classes, in such a way that the clinical health indicators are independent conditional on class membership. The LCA method supposes that probabilities of class membership are equal across individuals, contrary to the GoM approach. However, the asymptotic properties of the GoM method are unknown, and the only sure way of using GoM techniques is to assume that the probabilities of class membership follow a certain distribution, which imposes parametric restrictions (Erosheva, 2002) . This is one reason why we appeal to 8 More generally, we propose here a "partial equilibrium" analysis that excludes feedbacks. For instance, self-reported health conditions are diagnosed by the medical institutions only if the individual visits a doctor. But visits to doctors are determined by income and the subjective perceptions of one's own health. For instance, it is known that poorer respondents experience health problems younger and may not be well-diagnosed by the health care system (Jougla et al. 2000) . 9 We tested the robustness of our results by dropping the "suspect" health variables (psychological health, teeth, and eyesight) and re-estimating the full model. The results did not change significantly.
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halshs-00590524, version 1 -3 May 2011 LCA analysis. 10 On the basis of the Integrated Laplace Criterion, we choose to classify the sample into 6 latent classes, which can be considered as ordered with reference to the mean values of the clinical health variables in each class (see Table A .2. in Appendix A). 11 The first two classes, which represent 40.7% and 15.2% of the sample, are characterised by the absence of serious health problems. However, individuals in the second group are all overweight. The large percentage figure of those with no chronic disease is explained by the absence of individuals aged over 65. The third class accounts for 13.7% of the sample, with members who are not ill, but are more likely to spend time in hospital, see their doctor and take medicine regularly, take more time off of work, and are more likely to suffer psychologically (feeling alone or stressed). The fourth class covers 17.6% of the population, and is similar to the third class, but more so. Restrictions on giving blood and ischemic illnesses are more frequent. The last two classes include individuals who are most likely to report the health problems we consider, with a slight difference between the two groups. In the fifth class (6.5% of the sample), the probability of psychological problems is higher, while in the sixth class (6.3% of the sample), physical health problems are more prevalent: difficulties in walking, not being able to take part in sporting activities, a diminished ability to work, needing help. Table A. 3. in Appendix A also reports the distribution of SAH by class of "clinical health": it clearly shows that there is positive correlation between these two synthetic measures of health. Tables  A.4 . to A.6. illustrate the central idea of this paper. They decompose the SAH distribution by income category and clinical health class, and clearly reveal a positive correlation between SAH and income conditional on clinical health. For instance, the rate of respondents who are in excellent clinical health (Class 1) and in good or very good SAH rises from 91% to 97.2% between income categories 5 and 9. Under Assumption 2, this difference might reflect the presence of reporting heterogeneity. Specification (B) tests this explanation in a multivariate regression setting.
In the regressions, we introduce linearly the estimated probabilities that the individual belongs to each one of the six classes, since they represent expected values of class memberships. The omitted category is the first class, that of 10 The latent class model treats the "clinical health" variables as manifest indicators of a latent variable: "clinical health". As such, these observable indicators are considered as different measures of a same unobservable construct: following the terminology of the structural modelling literature, this is a measurement model (Bollen, 1989) . Bandeen-Roche et alii (1997) propose a nice application of LCA to the relationship between a set of covariates and a set of indicators for clinical health. Using measurement models minimizes the impact that random or systematic measurement errors on each self-reported indicator may have on the estimates of specification (B). In the context of the current paper, applying a latent class model also offers several advantages over factor analysis. First, factor analysis can not be applied to qualitative indicators. Second, the results of a factor analysis are not unique, since the factors need to be rotated to be interpretable. Third, factor analysis assumes multivariate normality. 11 The Integrated Laplace Criterion balances the gain in information from adding one class with the loss in the precision of the classification (McLachlan and Peel, 2000). More details on the LCA are available upon request from the authors.
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Other control variables
It is possible that local cultural effects explain both differences in clinical health and the degree of optimism that the individual expresses about her health. The health Atlas in France shows sharp differences in mortality rates between regions (Salem et al., 1999) . We include as explanatory variables the region and classification of residential area: rural (STRATA1 ); urban with under 20 000 inhabitants (STRATA2 ); urban with between 20 000 and 100 000 inhabitants (STRATA3 ); and urban with over 100 000 inhabitants (STRATA4 ). In addition, we introduce controls for the individual's marital status.
Estimation results
This section presents the results of generalised ordered probit estimation of specifications (A) and (B). Tables B1 and B2 in Appendix B show the estimation results. Table B1 presents the results for the variables which, in specification (A), have a homogeneous effect on the cut-points, according to Test 1, which is applied to each group of variables separately, i.e. we test regional dummies, then sex, then age etc. Table B2 shows the results with respect to the variables which do have differential effects on the different cut-points. For each specification, the first column shows, for comparison purposes, the results from simple ordered probit estimation with common cut-points. The second column shows estimation results from generalised ordered probit models. In Table B2 , for each specification, columns 2 to 4 show the results for the three cut-points with a sign reversal to ease the interpretation in terms of health effects (i.e. coefficients −β 1 , −β 2 , −β 3 ).
The socioeconomic determinants of SAH
Specification (A), which does not include information on clinical health, measures the correlations between the socioeconomic variables and SAH. Sex, age (measured as a second-order polynomial), education, marital status and type of residential area have a homogeneous effect on the cut-points. 12 However, region and income have a heterogeneous effect on the cut-points. Under Assumption 1, this means that there is some region-and income-related reporting heterogeneity in SAH.
The results of a simple ordered probit, which does not take into account reporting heterogeneity, are fairly standard (the first column of Table B1 ): male has a positive estimated coefficient on reported health, as does income or living in the West of France; age has a negative effect. On the other hand, lower levels of education attract negative coefficients. The results of the generalised ordered probit are more judicious (second column of Table B1 ). In particular, amongst the variables which do not affect the cut-points differentially (according to Test 1), only sex and being unqualified are significant: males are more likely to say that they are in good health. Having no education has a negative effect and, as we are controlling for income, this result is consistent with a basic assumption of the demand for health model: the efficiency of health production rises with education (Grossman, 1972) . Age has a decreasing convex effect on SAH.
Region dummies have a significant effect on individual perceptions of health. The omitted category is living in Paris. Those living in the West or the Ile-deFrance are less likely to say that they are in poor health.
There is a positive correlation between SAH and income. Being poor (income categories 1 to 3 out of 9) is negatively correlated with the declared level of health, the estimated coefficients being significant for all of the cut-points. While poverty increases the probability of being in poor health, those in middle or higher income classes are not significantly more or less likely to report poor health: income does not protect against poor health, it is rather poverty that is a risk factor. There is also a significant difference between the effect of being in the medium to high income categories (3 to 8) and the highest income class (category 9) on the probability of reporting very good health. In sum, the hypothesis of a homogeneous correlation of income with the cut-points is rejected in favour of heterogeneous correlations (Test 1, P-value=0.005 ). Hence, under Assumption 1, there is income-related reporting heterogeneity in SAH. (9)). The coefficients on the different classes of clinical health exhibit the expected negative relationship, given the description of these classes above: the relationship between clinical and self-assessed health is monotone positive. Sex no longer has an impact on health and being divorced is associated (somewhat surprisingly) with better health. The effects of education and regions are not different from those in specification (A).
Clinical and self-Assessed Health
In this specification, income has still a positive, significant and heterogeneous effect on the cut-points. Hence, under Assumption 2, that income is significant provides some evidence that there is income-related reporting heterogeneity in SAH. This result is of interest because it differs from that in Lindeboom and van Doorslaer (2004) on Canadian data, who find heterogeneous effects for age 13 
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and sex, but not for income. The difference in results between countries might be interpreted as reflecting heterogeneity in reporting between countries. The following section considers in more detail the relationship between SAH and income, paying particular attention to the magnitude of reporting heterogeneity.
The magnitude of reporting heterogeneity
This section describe how reporting heterogeneity affects the predicted distributions of SAH, and provide some evidence in favour of non-linearity in income effects by initial level of SAH. It also compares the marginal effects between the two specifications to demonstrate the effect of income on clinical health. Since specification (A) shows the total marginal effect of income on SAH, while specification (B) indicates the marginal effect of income via reporting heterogeneity, the difference between the two yields the effect of income on the production of clinical health.
Marginal effects
Using estimates from specification (B), we can estimate the effect of an income increase on the SAH through reporting heterogeneity. The size of this effect will help determine the usefulness of SAH as a potential indicator for income-related health inequalities. Marginal effects for a discrete choice model depend crucially on the choice of values for the explanatory variables (see Greene, 2003 , p. 668). A first and widely used solution is to use average sample values including the sample mean of clinical health. For each level of SAH m, the change in the probability of reporting health greater than m when the individual moves from the income category j to j + 1 is:
Under Assumption 2, these differentials represent the way in which reporting heterogeneity affects the distribution of SAH for the average individual. Table  C. 1. in Appendix C reports these probability changes for different values of m and j. If we consider changes greater than 1% in absolute values, we see that reporting heterogeneity affects the middle of the distribution of SAH (fair and good), and is also larger at the extremes of the income distribution. Whereas there is almost no income-related reporting heterogeneity for those reporting poor health, we observe greater reporting heterogeneity for the more affluent in very good health. However, although a number of marginal effects are fairly large, our estimates are somewhat imprecise. Confidence intervals for these changes were calculated using the delta-method. It turns out that 22 changes out of 24 are insignificant at the 5% level. 13 Hence, the marginal effects computed at the sample mean show that income-related reporting heterogeneity has a negligible effect on the clinical health/subjective health gap. However, a second approach to computing marginal effects is to estimate for each individual the impact of the transition from income category j to income category j + 1 on the probability of declaring health greater than m. For specification (B), the individual effect is then:
These marginal effects can be interpreted as the probability of leaving the health categories inferior or equal to m as the individual changes from income category j to j+1. They are calculated for each individual i. For each j, we compute these individual effects over the sub-sample of those individuals who are in income range j only, and the individual confidence interval at the 5% level. This can be interpreted as an "effect on the treated". Figure C1 reports the percentage of individuals in each income category for whom the reporting heterogeneity is significant at the 5% level. Here, the picture is somewhat different from that obtained for the average individual. We clearly see that reporting heterogeneity is quite large for those in fair or good health whatever the income level, but also for those in poor health. The pattern is less easy to interpret for those in good or very good health, or in the middle of the income distribution (especially income categories 4 to 7). Hence, computing individual marginal effects instead of marginal effects for the average individual changes our conclusion regarding reporting heterogeneity: the latter plays a fairly important role for transitions from fair to good health level, but a minor role for exits from a poor health level or transitions to very good health (except for the more affluent). This reporting heterogeneity is to an extent convex in income.
Reporting heterogeneity vs. health production
We now decompose the total health-income correlation in to a health production effect and reporting heterogeneity. Individual marginal effects are calculated for specification (A) as follows:
These individual effects represent the total impact of an income change on the individual predicted distribution of SAH. Figure C2 in Appendix A displays the proportion of respondents in each income category for whom the total income effect is significant at the 5% level. Income clearly affects the distribution of SAH for individuals in low-income households. For each j, we average the individual effects for specifications (A) and (B) over the sub-sample of those who are in income range j. These average individual marginal effects are represented, with the difference between them, in Figures C.3 . to C.5. in Appendix C, which correspond to the three health states in which the individual may initially find herself (m = 1, m = 2, and m = 3). The graphical representation of specification (A), given by the dotted line, shows the total effect of income on health. The effect due to reporting heterogeneity results from specification (B), and is shown by the thick black line. The thin line, which is the difference between these two, shows the effect of income on health production. Two major conclusions can be drawn from our estimates and are summarized in Figure 1 . First, the health production effect of a rise in income seems particularly large for those in the lowest income range (under 12000 Euros), whatever the SAH level m we consider. This implies that income has declining marginal productivity in health production, and is consistent with standard results in the literature on the health production effect of income among the poorest (Deaton, 2003) . This income gradient in health production is also found when one models the probabilities of membership of "clinical health" classes as a function of income and other covariates. The regression results that are reported in Table  C. 2. in Appendix C show however that income does not influence the probability of membership of all "unhealthy" classes. For instance, income plays a major role for membership of class 3 but not membership of class 4. This could reflect differences in equality of access to health care according to the pathologies. Indeed, class 4 attracts more individuals with ischemic problems, who are eligible for Social Security, while individuals in class 3 declare more often problems or health conditions that are not eligible (teeth, migraines, assistance at home). 
Conclusion
This article has proposed and implemented two different appraoches to testing for the existence of reporting heterogeneity in SAH. The first relies essentially on the assumption that the marginal effect of income on clinical health does not vary with the position in the clinical health distribution. Hence, heterogeneous income effects on the different cut-points are interpreted as evidence of incomerelated reporting heterogeneity: this is our Test 1. The second approach uses a proxy measure of clinical health to control for the effect of income on clinical health, and interprets any remaining impact of income on SAH as reporting heterogeneity. This is our Test 2, which is based on arguably weaker identifying assumptions than Test 1. Further, Test 1 does not enable us to detect reporting heterogeneity, when the latter has a homogeneous effect on the cut-points, while this is not the case for Test 2. Both approaches produce some support for the existence of income-related reporting heterogeneity. Using the proxy-based approach (Test 2 and Specification B), our estimates reveal that reporting heterogeneity is convex in income, which can be interpreted as an optimism bias for the rich and a pessimism bias for the poor. However, this result relies heavily on the assumption that all of the clinical health production effect of income is captured by the introduction of the selfreported clinical health conditions available in the survey. The validity of this assumption may be questionable if we do not capture all of the relevant incomerelated dimensions of clinical health. For instance, if there is a pro-rich bias in access to health care, as one may suppose a priori, then the effect of income on clinical health is underestimated, and income-related reporting heterogeneity is over-estimated for low-income individuals. In some sense, our work provides an upper-bound evaluation of income-related reporting heterogeneity for the less well-off, and a lower bound evaluation of the effect of income on their clinical health, which we have called a clinical health production effect although this term might be excessive. Indeed, we are fully aware that we identify correlations rather than causalities, given that SAH determines the demand for health which, in turn, affects income (see Adams et al., 2003) .
The starting point and the limits of our exercise are clear: we focus on SAH as a cheap measure of clinical health, which is considered as the true objective of public health policies, even if one would not base a major change in health policies on SAH alone. Our results call for caution in the use of SAH measures for assessing income-related health inequalities in French data. In particular, we find that, for those in the middle of the SAH distribution, a rise in income seems to affect SAH mainly via reporting (a noticeable exception being individuals in low-income households). As a consequence, binary indicators constructed from self-reported health may be used, but only if the "poor health" category is taken as a reference. The results provided here could be checked by a fairly new and promising third method: that of vignettes (King et al., 2004) .
Last, the reporting heterogeneity that we have identified for the well-off in good health should be followed up in future work, in particular with respect to medical care and prevention. It would be interesting to consider a joint model of health demand and evaluation of SAH, given that the information used by the individual to evaluate her health depends on the consumption of medical services. 1.507*** (0.336) Notes: Std. Error in parentheses. *** significant at the 1% level. ** significant at the 5% level. * significant at the 10% level. Marginal effects computed at the sample mean for all characteristics. These effects represent changes in the probability of declaring a health status over the figure indicated in the top of the column. The changes are in percentage points. They are generated by an income increase such that the individual changes from income category k to income category k+1 where the initial income category k is shown on the left. The figures in bold are significant at the 5% level. These figures represent the relative risk of being in the "clinical health" class j over the first "clinical health" class when the individual is in income category k instead of being in the top income category (INCOME9). These relative risk ratios are computed by supposing that the class membership probabilities follow a multinomial distribution conditional on income and the other control variables in Tables B1 and B2 (see Etilé, 2006, for more details on this technique). The relative risk ratios in bold are significant at the 5% level. Income increas e from x to x+1 Probability change in % points
APPENDIX C. MARGINAL EFFECTS.
Health production
Total effect
Reporting heterogeneity
Note: Figures C3 to C5 represent average individual marginal effects of income on the probability of reporting health greater than 1, 2 or 3. The individual effects are averaged over individuals who are actually in the specific income categories. The "reporting heterogeneity" line is computed using estimates from specification (B), and the "total effect" line using estimates from specification (A). The "health production" line is simply the average of differences between marginal effects from (A) and from (B).
Figure C4. Probability of reporting SAH greater than fair.
Ave rage marginal e ffe cts for Pr(H>2) Income increas e from x to x+1 Probability change in % points
Health production
Reporting Heterogeneity Figure C5 . Probability of reporting SAH greater than good. But there is no health production effect if we compute the latter by the difference between the results of specification (A) and specification (B). These figures represent the relative risk of being in the "clinical health" class j over the first "clinical health" class when the individual is in income category k instead of being in the top income category (INCOME9). These relative risk ratios are computed by supposing that the class membership probabilities follow a multinomial distribution conditional on income and the other control variables in Tables B1 and B2 (see Etilé, 2006, for more details on this technique). The relative risk ratios in bold are significant at the 5% level.
Ave rage marginal e ffe cts for Pr(H>3)
-
